INTRODUCTION
In the current paper, we aim to estimate workers' marginal costs of commuting. These costs include mainly travel time costs and monetary costs, but they may also include other costs that affect the utility of travel (e.g., stress, risk of accidents). Commuting costs play an important role in hundreds of studies that contribute to urban economics theory (e.g., Wheaton, 1974; Fujita, 1989 ). In the Alonso-Muth-Mills monocentric model, commuting costs not only determine urban spatial structure -by influencing the size of the city -they also determine whether a city is monocentric at all (Ogawa and Fujita, 1980; Fujita and Ogawa, 1982) , and generally they will determine land, and therefore house, prices, as well.
1 However, it turns out that we know surprisingly little about the size of these commuting costs.
A large number of transport economics studies focus on the time component of commuting costs (e.g., Small et al., 2005) . Estimates of the time component of commuting costs vary by a large margin, but studies tend to find that the value of travel time is 20% to 100% of the hourly (gross) wage (Small, 1992) . De Borger and Fosgerau (2008) find strong referencepoint effects in stated preference data and suggest a way to correct for this effect. Revealed preference studies tend to find substantially higher values than stated preference studies.
2 1 Commuting costs are also relevant to other economics fields, such as labour economics, because these costs affect the cost of being employed, and therefore workers' labour supply (e.g., Wales, 1978; Cogan, 1981; Parry and Bento, 2001) , as well as workers' reservation and realised wages (e.g., Van den Berg, 1992 ; Van den Berg and Gorter, 1997, Manning, 2003a; 2003b) . 2 The majority of (transport economics) studies that assess the costs associated with travel time are based on actual commuters' mode and route choices (Miller, 1989; Small, 1992; Hensher, 1997 and Small et al., 2005) . There are likely, however, some serious problems with these studies, with regard to correlation between travel time and cost, and the difficulty of measuring the travel time and cost associated with different travel alternatives. A related technique avoids these problems by exploiting subjective response data on choices among hypothetical trip or mode alternatives that differ in time and cost components (see Although the time component is an important part of the commuting costs, the other components are not negligible, and may therefore not be ignored (Cogan, 1981) . For commuters, the monetary costs are thought to be about 30% to 40% of the time costs (e.g., Fujita, 1989; Small, 1992) . Furthermore, workers may vary the speed of their commute through their choice of travel mode, so the share of the time costs as part of the total commuting costs is endogenously determined. As a consequence, information on the costs of the time component is not necessarily informative about the total commuting costs.
For all travel modes except car use, the marginal monetary costs are easy to determine.
For non-motorized transport (bicycling, walking), the marginal monetary costs are (close to) zero; for public transport (train, bus, metro), the marginal monetary costs can be derived from the price paid for the ticket. For car users, however, who are the majority of commuters, the marginal monetary costs associated with commuting are not so straightforward to determine.
These costs of car use comprise not only the variable costs of car use (fuel, depreciation of the car due to its use), but also costs that are related to the ownership of the car (interest, insurance, etc). The latter cost component is frequently treated as fixed, and it is therefore assumed not to affect workers' marginal costs of travel. This may be argued to be a relevant assumption in the United States, where car availability is high and almost all workers commute by car. Outside the United States, the proportion of workers who commute by car is much smaller. For example in the Netherlands, approximately 50% of workers commute by car. Car ownership decisions will frequently depend on the length of the commuting distance, which constitutes about one third of a car's mileage (De Jong, 1990) . Consequently, even though treating car ownership costs as fixed Hensher, 1997; Verhoef et al., 1997; Calfee and Winston, 1998; Fosgerau, 2005) . With such data, the problems of revealed preference data are eliminated by design. However, this advantage is gained at the cost of introducing a range of biases related to the hypothetical nature of data (McFadden 1999) .
may make sense with respect to some travel decisions, these costs are clearly not fixed with respect to commuting.
3
Workers' marginal commuting costs can be derived in various ways. One method, familiar to labour economists, is to use the trade off between wages and the length of the commute, using hedonic wage models, as developed by Rosen (1986) , see for example Zax (1991) . But such a method has a number of disadvantages, as it relies on the (implicit) assumption that workers have full information about availability of jobs and do not have to search for jobs (Hwang et al., 1992; Hwang et al., 1998; Gronberg and Reed, 1994) . A number of studies have shown that estimates of valuation of job attributes, such as commuting time, are likely seriously downward-biased if hedonic wage models are used (Gronberg and Reed, 1994; Van Ommeren et al., 2000; Villanueva, 2007) . An alternative method is to rely on the trade off between house prices and commuting (which implicitly also relies on Rosen, 1986) . For certain relatively simple spatial structures of cities with well-defined workplace centres, such as Hong Kong, this method seems promising (see Tse and Chan (2003) and Yiu and Tam (2007) ). For complex urban structures, such as in the Netherlands, application of this method seems difficult.
In this paper, we estimate commuting costs based on actual on-the-job search, as well as 3 In addition to monetary and time commuting cost, there are other cost components. For example, given the presence of a car in the household, the use of the car for commuting imposes opportunity costs on other members within the same household who do not have simultaneous access to the use of the car.
There is also a large literature in psychology that suggests that the psychological costs of travel are substantial (for a review, see Koslowsky et al., 1995) . For example, long commutes increase blood pressure, physical disorders and anxiety. Further, long commutes are thought to have adverse effects on a worker's mood, as well as on cognitive performance. Economics literature on the psychological costs of commuting indicates that these costs are relevant (Kahneman et al., 2004; Stutzer and Frey, 2004) . As most of the psychological costs of travel increase with travel time, it is not necessary to deal with these costs separately.
job moving, behaviour. Workers' marginal commuting costs will be derived from data on job search and job moving behaviour, employing a dynamic job search approach. 4 Our paper relates to a number of studies that have estimated the implied value of job attributes using data on job moving behaviour (Herzog and Schlottmann, 1990; Gronberg and Reed, 1994; Manning, 2003b; Dale-Olsen, 2006) and job search behaviour (Van Ommeren and Hazans, 2008) . 5 It is also loosely related to the approach introduced by Bartik et al. (1992) who estimated the value of residential characteristics based on residential moving behaviour.
The dynamic job search approach assumes that workers are not in their preferred (welfare-maximising) job due to imperfect information about other jobs, but workers are able to improve their welfare over time by searching for other jobs, and by moving to other jobs if a job is found that increases welfare. This approach uses the implicit trade off between commuting time and wage, which affects both on-the-job-search and job moving behaviour, to determine workers' marginal costs of travel.
6 4 This approach avoids some strong assumptions underlying discrete choice-based estimates based on actual route or mode choices, including the assumption that the choice set of the worker is accurately observed, and that the characteristics of the travel alternatives not chosen by the commuter are accurately observed. It also avoids the fundamental assumption, common in transport studies, that a change in mode affects only the costs and times associated with these modes. Such an assumption may be very restrictive, as it ignores, for example, changes in convenience (see, e.g., Calfee and Winston, 1998) .
5 Isacsson and Swärdh (2007) estimate the value of commuting time based on the duration of employment, using strong assumptions regarding the choice of transport mode and the related costs. 6 The reader may wonder whether a method that relies on the trade off between wages and commuting time, and therefore measures the long-run marginal costs of commuting, generates results that are comparable to methods, common in transport economics, that measure the short-run marginal costs of the time component. At least theoretically, the answer is yes. One of the standard micro-economics results is that long-run and short-run marginal costs are equal (because the long-run and short-run average curves are tangent, see Varian, 1992) . Our dynamic search model has the same property.
Our study is related to studies that focus on the compensation workers receive, in the labour market, for commuting (e.g., Zax, 1991; Van Ommeren et al., 2000; Manning, 2003a; Van Ommeren and Hazans, 2008) . Typically, these studies use either commuting time or distance as an approximation for commuting costs. This is not justified, but is seen as a restriction of the available data set. Intuitively, if commuting costs mainly consist of time costs, then the use of commuting time is preferred. On the other hand, if there exist large (unobserved) differences in speed, for example due to congestion, then commuting distance may be the preferred measure. The two measures are equivalent only if the commuting speed is fixed and constant across the population. In the current paper, we apply a dynamic search model approach, and measure commuting costs based on commuting time. The use of commuting time, when commuting distance is not observed, will be justified theoretically by allowing for endogenously chosen speed. Hence, we will measure the costs of commuting in terms of time.
7
Although the dynamic search model approach has a number of fundamental advantages, it has also a number of disadvantages (Gronberg and Reed, 1994; Manning, 2003b) . One of the main drawbacks of the dynamic search model approach is that one must assume identical utility functions across workers, and the literature remains suspicious as to what extent this assumption biases the results (e.g., see the seminal paper by Gronberg and Reed, 1994) . This criticism can be (partially) addressed by means of panel data techniques; these techniques have not been applied previously in this context. In the current paper, we will show that the results remain robust, using panel data techniques.
Note that although we are aware of various studies that use either the job mobility or the 7 We believe that such a measure is generally more useful than a measure in terms of distance, for international comparisons. One notable characteristic of commuting time (and not of distance) is that the nationwide average commuting time is hardly time-varying (see Van Ommeren and Rietveld, 2005) .
job search approach to estimate the value of job attributes, this is the first study that applies both approaches to the same data set. Both approaches rely on the same underlying dynamic search model, so they should (if applied correctly) generate the same estimate of the value of job attributes. Another potential advantage is to estimate joint models of job search and mobility. In our application, though, it turns out that joint models of job search and mobility generate identical results to separate models of job search and mobility, without any gain in the efficiency of the estimates. Throughout the paper, we will provide the results for the separate models, and, discuss soon the estimates of the joint model, when discussing the robustness of the analysis.
Although the underlying assumptions of the search and mobility approaches are the same, the job search approach is easier to apply, since the job mobility approach requires information on voluntary job mobility -information that is frequently not available in surveys. One may avoid this issue by making the additional assumption that the job attribute does not affect the involuntary job-quitting rate (see Van Ommeren and Hazans (2008) for details). In the context of our study, this does not turn out to be problematic, because it seems reasonable to assume that the length of the commute does not affect the involuntary job-quitting rate. Hence, given
estimates from both approaches, we are able to test whether the two approaches are consistent with each other in their empirical implementation. Given consistency, estimates of the different approaches can be pooled, enabling one to reduce the standard errors of the pooled estimate.
The outline of the paper is as follows. In section 2, we introduce a job search model (allowing for commuting costs), specify the appropriate utility function, and derive workers' marginal willingness-to-pay for commuting costs. The empirical results are discussed in section 3. Section 4 concludes the paper.
THEORETICAL MODEL

Short-run behaviour
Consider an employed individual who lives forever. In the short run, the worker's residence and workplace locations, and therefore the commuting distance D, are exogenously given. Also, in the short run, she derives utility from job attributes X by the quasi-concave instantaneous utility function v(X). The estimation method we use to estimate workers' value of job attributes applies to any quasi-concave utility function v(X). However, in the context of commuting, for estimation and interpretation purposes, it is useful to specify v(X) in more detail.
We assume that v(X) = v(Y,L)
, where Y is income and L denotes leisure time. Income Y is equal to wH-c, where w is the hourly wage, H is the number of hours worked and c denotes the monetary commuting costs. 8 Leisure time is equal to LHt − − , where L is the total time available and t is the commuting time. 9 We presume that commuting speed, and, therefore, commuting time t, as well as hours of work H, are optimally chosen.
We consider commuting distance to be produced according to the production function d, which takes money and travel time as inputs. We assume that this production function is strictly increasing and strictly concave, such that the isoquants are strictly convex. Since the commuting distance is exogenously given, we require that: 
Hence, the MWP is negative and numerically greater than w/H, provided that
0<1/(d t t D )<1. The latter constraint holds when both c D >0 and t D >0 (because d c >0 and d t >0).
This is a requirement on the expansion path of d; the curve formed by points (c,t), satisfying wd c (c,t)=d t (c,t), can be represented by (c(t),t), where c(t) is an increasing function of t. Another
way of stating this is that increasing distance, and maintaining a constant marginal rate of technical substitution between cost and time, requires increasing input of both cost and time.
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In summary, we have -MWP=αw/H, where α=1/(d t t D )>1. This measure may be interpreted as the total marginal costs of commuting associated with commuting time. It measures the increase in wage that is necessary to compensate for an optimally-chosen increase in commuting time, given an increase in distance. An optimally-chosen increase in commuting time corresponds to an increase in distance, as well as in monetary costs. Hence, as implied by (2), this measure exceeds the MWP for commuting time that ignores monetary commuting costs.
In fact, fixing monetary commuting costs, and given optimal working hours (as, for example, assumed by Manning, 2003a) ,
the MWP = -v L /(v Y H) = -w/H, which is smaller (in absolute value)
than -αw/H, as α>1.
We have described distance as being produced according to a continuous production function, which is in contrast to the discrete models typically used in the transport literature (the main exception is DeSalvo and Huq, 2005) . In favour of the continuous formulation stands the fact that the choice of how to go to work, and hence the time and cost, involves, in general, much more than a simple discrete-mode choice. There are a multitude of choices -including some continuous choices. Consider, e.g., the possibilities for combining different modes (Van Exel and Rietveld, 2004) , choosing departure time in situations of peak-hour congestion, choosing between slow and fast routes, car drivers choosing speed and driving style, choosing between cars with different costs, etc. (Rouwendal, 1996; Rienstra and Rietveld, 1996; Verhoef and Rouwendal, 2001; Gander, 1985; Rotemberg, 1985) . It should be noted, however, that the result that -MWP=αw/H>w/H may also be derived under the antithetical assumption that commuting cost and time are fixed as functions of commuting distance, as long as commuting cost and time increase in distance. 12 Thus the analysis in this paper remains valid also for this case where the commuter is restricted to just one transport mode with a given cost and speed.
Given an optimally-chosen combination of commuting time and working hours, the 11 A necessary and sufficient condition for this property to hold, for any w, is that d jj d i <d ij d j for i≠j, i,j=c,t.
These conditions imply convexity and hence are stronger. Proof of these assertions is available from the authors upon request.
expression for instantaneous utility may be rewritten as v(wH-αwt). 13 Therefore, instantaneous utility depends on the daily wage wH, as well as on the interaction between the hourly wage w and the commuting time t. Our main interest is to estimate the unknown coefficient α, as it determines workers' MWP, given information on H and w. We will see now that the MWP can be derived from both observations of on-the-job search and from observations of job moving.
Long-run behaviour: search and moving decisions
The The individual is assumed to maximise lifetime utility V, discounting future utility at the rate ρ. The expected lifetime utility V(X), conditional on the current job, includes the possibility of job offers in the future. The decision whether to accept a job offer accounts for expected future offers. Discounted lifetime utility can then be written as the sum of the instantaneous utility and the expected benefit of accepting a job offer during the next time period. It is assumed 
where expectation is formed with respect to the distribution of the job offer attribute X 0 . The interpretation of this formula is well known (see, e.g., Mortensen, 1986) . Current utility equals
v(X)-k(s).
A job offer will be received at a rate p(s) and the offer will be accepted if the value of the new job exceeds that of the current one. Hence, the optimal acceptance strategy is to accept a job offer only if
The optimal-choice search decision is obtained by maximising (2), with respect to s. It can easily be seen that:
Hence, if s = 1, then the expected benefits of search exceed the search costs.
In the previous subsection, we have shown that X includes two job attributes: the wage w as well as the commuting time t. Workers' MWP for commuting time is defined as the ratio of the marginal instantaneous utility of commuting time t over the marginal instantaneous utility of
Note that k and p are not observed, and (4) can 
where Pr(s = 1) denotes the probability that the worker is searching for another job. Hence, workers' MWP is equal to the ratio of the marginal effects of commuting time and wage on the probability of job search. This result is intuitive: commuting time and wage both affect the utility of the worker. Workers use the trade-off between commuting time and wage to determine their optimal search -and therefore moving -behaviour.
Job offers will only be accepted if V(X 0 )-V(X) > 0, otherwise the job offer will be rejected. The moving rate, θ, is equal to the job arrival rate p(s) times the probability that the job offer will be accepted. In our application, as is quite common, we only observe if at least one job move occurs during a fixed time interval (in our application, two years). So, it is more straightforward to use the job moving probability, for a fixed interval, than the job-moving rate. 15 Define m = 1 when a worker moves at least once, and m = 0 when the worker does not move during a fixed interval. When the interval is short, then Pr(m = 1) = 1-exp [-θ] , where Pr(m = 1) denotes the probability of job moving at least once. The ratio of the derivatives of the job moving probability Pr(m = 1), with respect to two job attributes (in our application, w and t), and 14 Note that k/p may take any positive value. 15 The job moving rate θ is defined, in the theoretical model, for an infinitely small period. With respect to job mobility, few workers move more than once during a month, so monthly data are ideal. Given biannual data, as will be used in our application, multiple job moves during a fixed period cannot be distinguished from single job moves.
the ratio of the derivatives of instantaneous utility flow v, with respect to these two job attributes, can be shown to be equal to each other. Gronberg and Reed (1994) and Van Ommeren et al. (2000) derived this result for job moving rate θ, but it can easily be shown to extend to job moving probabilities, as there is a one-to-one relationship between job moving rates and job moving probabilities. Hence:
Equation (5) implies that workers' MWP equals the ratio of the marginal effects of commuting time and wage on job moving behaviour. The intuition of this result is similar to the intuition for on-the-job search. Consequently, (5) and (6) imply that:
In conclusion, workers' MWP for commuting time can be derived from the marginal effects of wage and commuting time on on-the-job search behaviour as well as on job moving behaviour, using the same underlying assumptions.
Estimation method
In our data, workers report whether they search or not for another job. It is then useful to 
EMPIRICAL RESULTS
Data
We have seen that workers' valuation of commuting time can be derived from data on job search, as well as job moving, behaviour. The data requirements to estimate job search and job moving models are similar, but not identical. Job search behaviour relates to an activity, which may, or may not, result in a job move. Job moving is usually preceded by a job search activity (but not always, as employers also approach workers, see Mekkelholt, 1993) , but this job search activity will frequently not be recorded in the survey available to the analyst (as it falls outside the search period defined by the survey).
In case of on-the-job search, one needs data about job search at a certain moment in time (or about search during a short interval); for job moving, one needs to follow workers over time, so one has to observe a worker at least twice. This implies that there is usually less information about job mobility than about job search.
Our data derive from the biannual Dutch labour supply panel survey (OSA). We select seven waves of data (for the years 1990 to 2002) containing the information that we require. In total, we have 18,450 annual observations on job search activity for 8,937 different workers. Job search is defined here as any job search activity in the month before the interview. To observe job moving, we use information about workers observed in the consecutive surveys. We have 9,513 valid observations on job moving for 4,544 different workers. The mean net hourly wage in our sample is € 9.17. For males, the mean net wage is € 9.57, whereas for females the mean net wage is € 8.61.
In our data set, we do not observe the daily number of working hours (but only the weekly number of hours). From other data sources (WBO, 2002), we find the national mean of daily working hours, which is 7.8 for males, 6.0 for females and 7.0 for the whole sample. In particular, for males the variation in daily working hours is small, but, also, for females this variation is small, with few female workers working less than 5 or more than 8 hours (see Hamermesh, 1996 , who reports similar results for Germany). Hence, we may impute the genderspecific national means of the daily working hours, for the individual daily working hours, as the effect of the measurement error is small. 16 Given the imputed daily working hours, and information about the monthly wage and weekly working hours, which are both available in the survey, the daily wage has been calculated.
We measure on-the-job search (defined as occurring in the month before the interview) and job moving as dichotomous variables. The mean (monthly) on-the-job search rate is 0.08, the annual job moving rate is 0.10 and the daily commuting time is 0.77 hours (which corresponds to a 23 minutes one-way commute, in line with other studies for the Netherlands). In our data, the correlation between job moving and search, in a certain month during the same year, is only 0.19, whereas the correlation between search in year t and job moving in year t+2 (the next 16 Note that random measurement error in the number of hours worked per day induces a downward bias in the estimate of β w , and therefore an upward bias in MCC. Note that β w refers to the product of H, which is observed with error, and the hourly wage w, which is observed, so we therefore assume to be observed without measurement error. In this case, the bias in the estimated β w (as a proportion of the true value) is . Hence, the bias is only 8.5% of the true value (6.4% for males; 12% for females). As we control for other variables, it is plausible that the bias is less;
we control for the presence of a partner, children, and industry, which likely strongly reduces unobserved variation in working hours per day, but these variables are known not to have as much explanatory power for the wage rate.
period available in our data) is even lower (0.08). This indicates that job search and moving data are statistically quite different concepts. Figure 1 shows the bivariate relationship between on-the-job search and commuting time.
It appears that there is a strong, positive relationship between search and commuting time: search intensity almost doubles when the commute increases from less than 0.6 hours to more than 2 hours per day. The bivariate relationship between job moving and commuting time is similar.
Empirical results
On-the-job search
We have estimated a range of discrete choice models for job search. A large number of explanatory variables are available and are used as control variables. We will provide here the results based on a standard probit and random-effects probit model. In the standard probit model, the panel structure of the data is ignored. However, it may be the case that some workers are more likely to search, for reasons not included in the model. This is potentially problematic as the theoretical model assumes homogeneous individuals. For this reason, we also estimate a random effects model, which allows for a correlation ρ between the random errors of the same individual. The results are presented in Table 1 . We will focus on the estimates of β w and β h, as well as the estimate for MCC, summarised in Table 4 . For the standard probit model, we find that β w = -0.0055 and β h = 0.011, so MCC/w = 2.01. For the random effects model, MCC/w = 2.06, so, essentially, the same result is obtained. This suggests that the empirical results, obtained for a sample of heterogeneous workers, are not so sensitive to the assumption of homogeneity. This is important because the dynamic search approach, and therefore the derivation of MCC/w, assumes that workers have identical utility functions.
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We find that, at the margin, workers' costs associated with commuting time are about twice the net wage. Evaluated at the mean wage, this implies a MCC of € 18 (see Table 4 ), with a standard error (s.e.) of € 3 to € 4, depending on the type of model used. 18 In our data, the mean commuting time is 0.73 hours, with a standard deviation of 0.58. Hence, a one standarddeviation increase in the commuting time increases the MCC by about € 10.80, on average.
We have estimated all models separately by gender ( However, the difference in these estimates is statistically insignificant at the 5% level.
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17 We have also estimated worker fixed-effects logit models, which identify the coefficients of interest by controlling for unobserved worker characteristics, so the homogeneity assumption is even less problematic. However, given fixed effects, there is too little variation in the data to estimate β t /β w precisely, because the standard error of β t is large, relative to its point estimate (t = 0.740). However, the point estimate has the correct sign (negative). 18 The standard error is calculated using the delta method, see Goldberger (1991) . 19 Note that measurement error in the number of daily working hours, H, is more present for females than for males (for whom variation in H is much smaller). Random measurement error in H decreases the estimate of β w . This suggests that the larger value of MCC for females may be partially due to measurement error in H. Our investigation of this issue, based on data for job mobility, as discussed later on, suggests however that this is not, or hardly, the case.
20 The (weighted) average of these gender-specific estimates is € 15.40, so the (weighted) average of the models, estimated separately for gender, is (slightly) lower than the point estimate of the model, based on the pooled observations.
According to the labour economics literature, it is plausible that females with children and an employed (male) partner have higher MCC (e.g., Wales, 1978) . The main reason is that these females have a higher value of non-working time. This is consistent with the stylised fact that females with children and an employed husband are less likely to work and, if they work, they are more likely to work part-time. We have therefore re-estimated the same model, based on a sample of females with children (and with an employed partner)(see Table 3 ). We find that MCC/w is 3.35 (with a standard error of 1.18). So, in line with this hypothesis, the MCC is substantially higher for this group, but the estimate is rather imprecise due to the limited number of observations. We have therefore re-examined this result by estimating the same model for the whole sample, and including interaction effects for females with children. According to these results, the MCC/w for this group of females is about 50% larger, but this difference is not statistically different. Hence, our results suggest that the MCC of this group is in the range of € 9
to € 30.
On-the-job mobility
We have also estimated models of job mobility, in order to estimate η t and η w . The full results are given in Tables 5 and 6 , and summarised in Table 7 . In essence, the results are the same as for on-the-job search. Estimates of MCC vary from between € 13 and €17. Again, allowing for worker-specific unobserved heterogeneity does not change the results. The only difference is that the results based on mobility data suggest that females have a slightly lower MCC than males, but this difference is far from statistically significant. Similar to the results for on-the-job search,
we have also examined whether females with children and an employed partner have a higher
MCC. This appears to be the case, but the difference is far from being statistically significant.
Combining the MCC estimates of search and mobility
We have estimated separate models using information on on-the-job search as well as information on job moving behaviour. Both models give information on the size of MCC. It appears that the difference in the MCC estimates of the job search and job mobility models is small and statistically insignificant. For example, given the model where observations of males and females are pooled, the difference in the estimates is € -2.19 for the standard probit model and € -2.21 for the random-effects probit model. Hence, the estimates based on the job search and job-moving approaches are consistent with each other, and differ only due to random error.
The mean size effect can therefore be calculated by the weighted average of the two estimates, where the weights are based on the inverse of the variance of the estimates. 21 The mean effect based on the standard probit models is €17.09 with a standard error of € 2.31, whereas for the random-effects probit model, the MCC is only slightly higher (€ 17.60; s.e. € 2.59). Hence, as before, a one standard-deviation increase in the commuting time increases the MCC by about € 10.
Using the same methodology but distinguishing now between females with children (and an employed husband) and the rest of the sample, we find that the MCC for females with children is € 18.46 (s.e. 2.71) and for the rest of the sample is € 15.68 (s.e. 2.36). Hence, the results suggest that females with children have a higher MCC than other workers, but a larger sample of observations is needed to clarify this issue, as the difference between these estimates is not statistically significant.
Robustness analyses
the results remain robust. 22 We have also re-estimated models for observations for a selected range of the reported hourly wage, to reduce potential measurement error in the reported wage.
The results remain robust. Furthermore, we have re-examined the functional form of the two main variables of interest: the daily wage wH and the commuting time t. Recall that theory suggested that v = v(wH-αwt), so, in the empirical specification of the model, wH as well as wt have been used. Note, however, that v(wH-αwt) represents the same preferences as, for example, v(log(wH-αwt) ), where log denotes the natural logarithm. The latter can be approximated by v(log(wH)-αt/H), for αt/H much smaller than one. The latter approximation amounts to the assumption that daily commuting costs are small, relative to the daily wage. Hence, the instantaneous utility depends, then, on the logarithm of the daily wage and the level of commuting time (relative to the number of working hours H). Hence, we have re-estimated all models using a specification based on the logarithm of the daily wage and the level of commuting time, as well as models that include the daily wage, the logarithm of the wage, commuting time interacted with wage, and commuting time. We find now that point estimates of MCC, evaluated 21 These weights are optimal when the difference in the estimates is entirely due to random error. The standard error of this mean is computed as the square root of the sum of the inverse variance weights. 22 We have excluded a range of regressors, as well as included additional regressors such as elapsed job duration and region (12 provinces), but the results remain robust. Note that the control variables in the search model control for two types of confounding effects: firstly, workers face different wage distributions, and, depending on the level of the current wage relative to the expected wage of the new job, they will decide to search; secondly, workers face different arrival rates p(s), even for the same level of search effort, which will affect their search decision. Hence, each control variable controls both for differences in the wage distribution and for differences in the job arrival rates. To address this issue, we have estimated a standard hedonic wage model and have used the difference between the observed and at the mean, are systematically larger (about 10% to 32% in absolute value) than reported above, but these new point estimates are all within the 95% confidence interval of the results presented above. We have compared the fitness criteria of the estimated models with those reported in section 3.2, but the fitness criteria are very similar.
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Finally, we have estimated bivariate probit models, which allow for correlation between the unobserved error terms in the two equations for job search and job moving. It appears that the results are almost identical: workers' MCC changes only slightly, whereas the standard errors are hardly reduced. In conclusion, our results are robust, and we have reported the point estimates that are the most conservative. 23 For most models, the fitness criteria are slightly better for the model specification reported in the tables above than for the alternative specification. It appears however that the alternative specification is consistently less appropriate for females. 24 We have found that estimates of workers' MCC are about €17 per hour. Our findings, therefore, indicate that the costs associated with commuting are substantial. It is plausible that workers will be compensated in the labour and/or housing market. In case of full compensation (via higher wages and house prices), commuting time should not have any effect on on-the-job activity or on-the-job mobility when one does not control for wages and house prices (Manning, 2003a) . Indeed, estimates not shown here imply that on-the-job search activity, as well as job mobility, strongly increase with commuting time, when one does not control for wages (and house prices). So, on average, workers are partially compensated for their commuting costs. This result is in line with the common result: that estimates based on hedonic wage models find that wages are not so responsive to the length of workers' commuting time. 25 Our estimates are also lower than those obtained by Stutzer and Frey (2004) , who estimate, for
Germany, that α is equal to 0.4, using subjective information on well being.
Lithuania. In Van Ommeren and Hazans (2008) , it was argued that to determine a worker's value of job attributes via information on job search would be more accurate than using information about job mobility. In particular, it was argued that if the job attribute was correlated to involuntary job mobility, then the use of information on job mobility will bias the results. In that study, the authors suggested that the relative high value for α, obtained by Manning (2003a) , may be due to the use of job mobility data (instead of job search data). Since we find almost identical results for α in our study, given information about job mobility and job search, it appears that, at least in the case of commuting time, there is no fundamental difference with respect to the choice of analysing job search or job move data. We do not have an explanation why our estimates are in between those of Manning (2003a) and Van Ommeren and Hazans (2008) , although it should be emphasised that those studies focus on the U.K. and Lithuania, respectively.
Our findings are not so straightforward as to compare with those of transport studies that focus on the time component of commuting costs. In that literature, it is hotly debated whether time costs are small or large, relative to the wage rate. A usual finding is that the disutility of one hour of commuting is less than the net gross hourly wage (Small, 1992) . 26 Our estimates indicate that the overall marginal costs of commuting are about twice the net wage, suggesting that other costs (monetary costs, opportunity costs of car use, etc.) play an important role at the margin.
CONCLUSION
In this paper, we have estimated workers' marginal costs associated with the length of the commute. We have argued, in the introduction, that these costs play an important role in economic theory regarding the spatial structure of the economy. Perhaps surprisingly, there is little known about the level of these costs. We used a dynamic model approach, which allows us to estimate the total marginal costs associated with commuting time. The approach has been applied to observations on job moving, as well as job search, behaviour in the Netherlands, using panel data. The application of panel data approaches partially addresses one of the limitations of the dynamic model approach used, which requires that individuals have identical utility functions (Gronberg and Reed, 1994) . We demonstrate that workers' marginal costs associated with commuting time are about € 17 per hour, and that these results are hardly sensitive to the specification used.
Our estimates imply that, at the margin, workers' commuting costs are substantial. For example, when the marginal costs of commuting are € 17 per hour, then an employed worker is indifferent to a job offer that increases his daily commute by one standard deviation (35 minutes), yet, at the same time, increases his daily net wage by about € 9.91, so about the net wage for one hour of work.
Our finding of substantial marginal costs of commuting is consistent with the observation that workers' average commuting time is short, whereas, at the same time, there is a large labour economics literature which argues that there is a large variation in wages offered to job seekers, and that non-wage characteristics may be relevant (Burdett and Mortensen, 1998) . If the costs associated with commuting were small, as, for example, implied by Calfee and Winston (1998) , workers would be willing to accept, at least temporarily, much longer commuting times than observed in the data. In our (representative) sample, the average commuting time is 23 minutes (one-way), and only 8% of workers commute more than 60 minutes (one-way). This suggests 26 However, Kahneman et al. (2004) show that, on average, workers feel slightly better during work than that the marginal costs associated with commuting are indeed substantial.
Our estimation approach is consistent with search-theoretical approaches applied in the 'wasteful commuting' literature, and it is interesting to apply our results to that literature. For example, the study by Van Ommeren and Van der Straaten (2008) uses a theoretical model similar to that used in the current paper. In that paper, as in this one, it is also argued that workers have to search for jobs, and it is shown that, due to a finite job arrival rate, workers are Note: industry and year controls are not reported. Note: industry and year controls are not reported. Note: MCC is calculated at the gender-specific mean wage w.
